We demonstrate using multi-layered networks, the existence of an empirical linkage between the dynamics of the financial network constructed from the market indices and the macroeconomic networks constructed from macroeconomic variables such as trade, foreign direct investments, etc. for several countries across the globe. The temporal scales of the dynamics of the financial variables and the macroeconomic fundamentals are very different, which make the empirical linkage even more interesting and significant. Also, we find that there exist in the respective networks, core-periphery structures (determined through centrality measures) that are composed of the similar set of countries -a result that may be related through the 'gravity model' of the country-level macroeconomic networks. Thus, from a multi-lateral openness perspective, we elucidate that for individual countries, larger trade connectivity is positively associated with higher financial return correlations. Furthermore, we show that the Economic Complexity Index and the equity markets have a positive relationship among themselves, as is the case for Gross Domestic Product. The data science methodology using network theory, coupled with standard econometric techniques constitute a new approach to studying multi-level economic phenomena in a comprehensive manner.
Introduction
Financial networks are major vehicles for transmitting shocks across different economic entities, which lead to complex dynamics. A well known phenomenon is that financial variables are considerably more volatile than macroeconomic variables with a much higher frequency, whereas, macroeconomic variables tend to show a much slower dynamics. A simple inspection of data suggests, there is wide variation even in intra-day stock returns, whereas macroeconomic variables move by a perceptible magnitude only over quarters or years if not longer time horizon. Thus these two types of variables differ both in frequency as well as the magnitude of oscillation. A directly related observation is that the magnitude of fluctuations of the financial variables often seems decoupled from the fluctuations in the underlying macroeconomic variables. This is formally known as the excess volatility puzzle. In an aggregate sense, growth rates of macroeconomic entities like firm-size variables shows bi-exponential distributions [9] . But the corresponding financial indices typically have a power law structure which indicates much wider dispersion than exponential distributions. Thus, although the financial indices should reflect movements in underlying macroeconomic factors, it seems unlikely that the dynamics of individual financial time series can be readily explained by the dynamics of the corresponding economic variable.
In this chapter, we follow a complementary approach. In the finance literature, researchers have focused on factor models to relate economic variables to financial ones. We propose in the following that rather than looking at the time-series properties, a more useful approach could be to analyze the cross-sectional variation in the return structure and to find if there is any macro variable that explains the variation. In particular, we posit that the aggregate financial network across countries are in sync with the dynamics of underlying macroeconomic fundamentals. The main idea stems from the work of Sharma et al. [12] , which showed that at the sectoral level, there is a one-to-one mapping between the economic size of the sectors and centrality in the corresponding financial network. We extrapolate that idea to the country level. The novelty of the present approach lies in two factors. First, the earlier paper considered economic size of sectors measured by three indices (total market capitalization, revenue and employment) to be the underlying factors. Here, at the country level we extend the analysis by constructing country-to-country macroeconomic networks which underlie the financial network. In particular, we analyze the foreign direct investment network and trade network. Thus, it allows us to actually create a multi-layered network [8, 7] rather than just focusing on the size effect. Second, given that the Gravity equations are good models to understand countrylevel macroeconomic networks (see e.g. the works [4, 13] among others), we have an explanatory model of the relationship of this multi-layered network through the gravity model. Wang et al. [15] constructed and analyzed a cross-country financial network. They analyzed the topological properties of the network with different clustering algorithms. We differ significantly from their approach with our emphasis on country-level fundamentals and their connections with the financial network. Main problem-wise the closest work to ours is of Qadan and Yagil [11] , who an-alyzed a very similar problem with econometric techniques. But they did not explicitly consider network topology. Hence, our results complement their findings. Finally, Bookstaber and Kenett [3] constructed a multi-layered map of the financial system and analyzed its topology. Our usage of multi-layered network was motivated by that paper, but our emphasis on the macroeconomic variables provide new and different features of the data.
The main points of this chapter are as follows: First, there is a relationship between centrality measures of financial return correlation network across countries and the same for trade and FDI networks. Second, from a multi-lateral openness perspective, we show that even for individual countries, larger trade connectivity is positively associated with higher financial return correlations. Third, we analyze the network architecture by using different clustering algorithms, which in turn allows us to identify the countries that are at the core or at the periphery.
Macroscopic View
In this section, we study the relationship between financial indices return network, trade and foreign direct investment (FDI) networks as a multiplex network for 18 European countries. Next, we study the world stock market and relationship of macro variables and indicators like economy size, Economic Complexity Index, etc.
Data Description
For the macro-level analysis, we have used the data of the adjusted closing price 
Some Basic Measures
We consider aggregate stock market indices {P it } i∈N,t∈T for N countries and T periods. We construct the return series by taking simple log differences of the prices levels
Next, we construct the correlation matrix ρ N×N from the N time-series. We have used eigenvector centrality (we refer to the measure as EVC) to measure centrality of different nodes in a given network. EVC is defined by a vector e N×1 which solves
where λ is an eigenvalue of the matrix ρ. EVC is defined as the eigenvector e corresponding to λ = max
For all variables x, we construct the z-score of the same as
The Relationship Between Financial Indices, International Trade, and Foreign Direct Investment
In this section, we try to find the FDI-trade linkage between host and home countries [10, 6] , and their effect on financial indices in the form of a multiplex network.
Here, we show empirical evidence for 18 European countries (see data description in section 2.1) whether financial indices and international trade of these nations are substitute or compliments, i.e., whether a great market index held by a nation is associated with decreases or increases of its export and imports. The effect of FDI on trade is always a concern for the policymakers. So we studied the effect of FDI on international trade and financial indices. For this analysis, we have chosen both the developed and developing countries of European continent. The literature on FDI and trade generally points to a positive growth relationship. In Fig. 1 , we present a multi-layered network view of the 18 European countries. In panel (a), we construct that the base-level networks formed across countries in terms of trade flow and FDI flow. Both of these two networks capture the connections through economic variables. The top-layer, on the other hand, has been constructed from the financial indices. Here, we examine the relationship between the upper layer of financial network and lower levels of FDI and trade networks. The countries occupying central positions in the correlation network are also central in the corresponding trade and FDI network. In panels (b), (c) and (d), we show the eigenvector centralities of the corresponding countries for these three variables. We cut down the EVC at three levels and that is reflected in the network of financial indices, trade and FDI. In all the networks three countries: SVK, ROU and LVA are forming no link with other countries. PRT is not forming any link in trade and FDI network. CZE, HUN, POL are not forming links in trade network with rest of the countries. Germany is Europe's one of the developed country and strongest economy due to its highly skilled labor force, high quality of life for its resident, etc. as visible in Fig. 1 (a) trade network. We computed the eigenvector centrality (normalized) of financial indices, international trade and FDI. Then, we regress these three variables as shown in Fig To see the co-evolution of trade and financial indices, we regress the EVC's of indices and trade for the period 2003, 2005, 2007 , and 2009 as shown in Fig. 3 . The positive slopes of the best fit line indicates that higher centrality in the financial network is occupying more central positions in the trade network. This pattern holds true for all four time periods, both before and immediately after the financial crisis. Thus, we show that there exists a mapping between the financial network and the trade network. The co-movement of three countries: SVK, LVA and ROU is traced.
In the year 2009, ROU came closer to the rest of the countries (as seen in Fig. 3 (h)). Germany is always an outlier.
We also conduct a microscopic study of the relation between trade flow and coevolution of financial indices at the country level. For illustrative purpose, we have chosen two reasonably large European economies viz. Germany (DEU) and France (FRA). In Fig. 4 , we plot the nominal trade flow as a function of index correlations for pairs of countries, where we fix the origin country. In Fig. 4 ,the left column shows the analysis for Germany (DEU), whereas the right column shows the analysis for France (FRA). We have considered four snapshots over time, two before the crisis (2005 and 2006) and two into the crisis period (2008 and 2009). For DEU . One interesting feature is that during the crisis period, many countries become much more correlated and hence create a cluster, most notably in the case of Germany in periods 2008-09. However, in all the cases, it seems to be a clear positive correlation between pairwise trade flow and index correlation and this relationship is seemingly robust with respect to the occurrence of the crisis period. Three countries viz. Latvia (LVA), Romania (ROU) and Slovakia (SVK) seems to be far less correlated than the rest of the countries in the sample. However, removal of them does not affect the direction of the relationship.
Mapping Between Economic Complexity Index (ECI) and Financial Indices
To find out the production characteristics of large economies, Economic Complexity Index (ECI) is a holistic measure proposed by Hidalgo and Hausmann [5] in 2009. The goal of this index is to explain an economy as a whole rather than the sum of its parts. To see the mapping between equity and ECI, we regress the normalized EVC's of financial indices and ECI of 51 countries across the globe during 2007-2010, as shown in Fig. 5 . Equity and ECI are sharing a positive relationship among themselves. Also the evolution of three variables: per capita GDP, ECI and EVC's of financial indices during 2002-2014 is shown in Fig. 6 . This finding is not very surprising as there are two fundamental relationships. One, typically larger (and more developed) countries have higher complexity index. Two, there is a strong relationship between return centrality and size (we explore it below in more details). Combining the two, we see that ECI could also have positive correlation with return centrality.
Estimation Results Controlling for Variations across Countries
All analyses done so far were essentially correlation study without controlling for other country-specific characteristics. Here, we present a sequence of regression tables done across years with control variables in place (2001-09; see Tables: 1 to 9 in arXiv:1805.06829). We have used foreign direct investment, total credit as a percentage of GDP, trade openness (total trade/GDP), size variables (GDP and GDP per capita) as control variables. As can be seen, the relationship is not robust to inclusion of aggregate size (i.e. GDP). We have discussed this issue below in details.
Next, we have constructed an instrumental variable based on geographic centrality of the countries. The assumption we make is that geographic centrality should be orthogonal to size, but related to trade centrality (because of gravity equation; see below). The results are presented in Table 10 in arXiv:1805.06829 (2 stage least square estimation) and Table 11 in arXiv:1805.06829 (limited information maximum likelihood estimation). As can be seen, the sign is preserved and in the expected direction but the relationship is not statistically significant at 5%. This is somewhat problematic as it indicates that the instrument is not very good for this test.
Finally, we put all data into one balanced panel structure and find panel estimates without incorporating the control variables (unfortunately all data are not available). In this case, as can be expected, the relationship prevails (see Tables 12 and 13 in arXiv:1805.06829). Hausman test confirms that a random effect model is more appropriate here. We checked if there is any relationship between EVC from trade and EVC from return across time (rather than across countries, as we have discussed above). In particular, it would be of interest to see if there is any strong indication of Granger causality. The results are presented in Tables 14 to 31 in arXiv:1805.06829. We see that there is no systematic relationship across these variables over time (we have included two lags for all estimations). Note that the time length is very small (9 years). Hence, we cannot infer much from the VAR analysis. 
Economic Interpretation and Econometric Issues
We have shown that there is a mapping between the networks of real and nominal variables. It is important to stress that this establishes the novelty of the present approach over and above the basic findings of Sharma et al. [12] . The main statement of Sharma et al. [12] is that centrality in the financial market is related to the size effect. In the present case, the same still holds true and that can be explained easily through gravity equation of trade, which states that the trade volume (T i j ) between two countries is approximately proportional to the product of the size of the countries (Y i and Y j ) and inversely proportional to their distance (d i j ). This can be stated as
This implies that the EVC from the trade matrix is highly correlated with the size itself. This, in turn, implies that the relationship we find between the financial network and the trade network, may actually be a manifestation of the centrality-size relationship, similar to the finding in Sharma et al. [12] . This raises a fundamental question about the nature of the relationship. Is it centrality-centrality or centrality-size? We cannot provide a complete answer to that. There are three points that need to be considered. First, centrality-size identification is an extremely difficult exercise as typically these two variables are highly correlated. Second, to characterize spill-over effects, network structures are useful whereas the size effect is not. Finally, the relationship between EVC of financial network and the trade network, is not monotonic. The linear fit captures the positive relationship. But a non-linear fit shows that the effect of higher centrality in trade diminishes after a steep initial increase. Thus, the multi-layered network view (with EVC-EVC as opposed to EVC-size relationship) is important to recognize the non-monotonic behavior. . The MST indicates that geographic proximity plays big role in shaping up the correlation structure across markets. This feature has been noted and documented by other researchers as well [16] . One can conjecture that the main factor behind this observation is that financial markets react very quickly to news and hence, any bout of volatility in a market will be transmitted to another market when that opens. For example, Tokyo stock exchange opens before London stock exchange. Hence, it is conceivable that there would be volatility spillover from Tokyo to London. Although this qualitative explanation is intuitive, it remains unclear how to understand the underlying mechanism quantitatively. On a similar vein, it does not clearly explain the structure of the MST either. 
Snapshot of the World Stock Market

Summary
In this chapter, we have demonstrated using multi-layered networks, the existence of an empirical linkage between the dynamics of the financial network constructed from the market indices and the macroeconomic networks constructed from macroeconomic variables such as trade, foreign direct investments, etc., for several countries across the globe. The time scales of the dynamics of the financial variables and the macroeconomic variables are orders of magnitude different, which makes the empirical linkage even more interesting and significant. Also, we found that there exist in the respective networks, core-periphery structures (determined through eigenvector centrality measures) that are composed of similar sets of countries -a result that may be related through the 'gravity model' of the country-level macroeconomic networks. Thus, from a multi-lateral openness perspective, we showed that for individual countries, larger trade connectivity is positively associated with higher financial return correlations. We have specifically studied the two countries: Germany (DEU) and France (FRA), with respect to the other European countries. This revealed that mapping between the trade and financial indices correlation is quite robust across several years.
Furthermore, we showed that the Economic Complexity Index and the equity markets have a positive relationship among themselves, as is the case for Gross Domestic Product; the time evolution of the three variables have interesting periodicities and correlation patterns. For certain countries the dispersions in the variables are rather pronounced than in other countries. To reveal the structure and dynam-ics of the global market indices, we have also studied the minimum spanning tree, which indicated that the geographical proximity does play an important role in the correlation structure across different markets. Perhaps the time-lagged correlation studies would reveal further the lead-lag structure of the markets.
As noted by many researchers, network approach illuminates several interesting facets of the structure of global economy. However, standard econometric techniques show that all superficial observations are not necessarily robust. In particular, whenever one wants to move from correlations to causality, one has to use extra caution. In the end, we note a simple point. Many proposed empirical relationships in the econophysics literature fail the test for robustness (both in economic and statistical sense). Usage of econometrics combined with simple economic intuitions could remedy the problem to a large extent. 
(2) Table 13 Hausman test: Random effect is more appropriate.
(1) evc return evc trade 0.391 * * * (5.64) cons 0.0339 * * * (6.12) N 162 adj. R 2 t statistics in parentheses * p < 0.05, * * p < 0.01, * * * p < 0.001 cons -0.0000736 (-0.00) N 7 t statistics in parentheses * p < 0.05, * * p < 0.01, * * * p < 0.001
